The adoption of precision agriculture techniques for N management has the potential for improving agronomic, economic and environmental efficiency in the use of such input. The present work was aimed at testing a simplified N balance method for the prescription of N fertilisation in uniform management zones defined from information on measured soil properties on grain maize in central Italy. The results of this preliminary experience show that the application of the N balance prescription map did not bring to significant differences, from a uniform N fertilisation, in terms of grain yield, economic return above N cost and nitrate content in the soil profile at the end of the growing season. However, the adoption of the prescribed N fertilisation strategy for the whole field would have caused a limited saving in the amount of fertiliser employed, quantified at about 10 kg N ha -1 .
Introduction
More than 20% of the European Union (EU) countries ground waters are facing excessive nitrates concentrations, with a continuous increasing trend in the most intensive areas of livestock breeding and fertiliser consumption (European Environment Agency, 2005) . The agricultural origin of these nitrogen (N) fluxes accounts for 50-80% of total N inputs to EU waters (European Commission, 2002) . Legislative measures adopted to comply with the Directive 91/676/EEC concerning the "Protection of Waters against Pollution caused by Nitrates from Agricultural Sources", in some cases did not obtain the expected results and are not always accepted (or complied with) by farmers (MacGregor and Warren, 2006; Mouratiadou et al., 2010) . Encouraging the diffusion of organic farming might not improve this environmental problem, as the risk of N leaching remains, given the high amounts of organic fertiliser needed to sustain satisfactory yield levels (Aronsson et al., 2007; Mondelaers et al., 2009) .
A promising alternative option relies on the introduction of more efficient N management methods, exploiting the impressive recent technological advances in the fields of information technology, remote sensing, ecophysiology, geostatistics and geo-spatial data management, leading to the development of what is called precision agriculture. A paradigm shift in the philosophy of agronomic management techniques (and research) is needed to drive the adoption of site-specific farming practices (Sørensen et al., 2010) . Considerable advantages could result from precise N management, as a key factor affecting yield, quality and the environment. Moreover, within-field variability of N processes is the rule rather than the exception, as a result of small-scale soil spatial variability, topography and management history.
Different approaches have been proposed for the management of N fertilisation in the context of precision agriculture. They span from "on-the-go" methods, in which the fertiliser dose to be applied is determined instantaneously, by taking into account crop status as detected for example by tractor-mounted sensors (Tremblay et al., 2009) , to methods based on the definition of N prescription maps built on spatial information layers (Long et al., 2000) . Two main strategies exist for the definition of N prescription maps. The first assumes the possibility of continuous regulation of N spreading, leading to the drawing of prescription maps fully reflecting the spatial variability of crop production factors. A second strategy consists in identifying, within a field, relatively homogeneous areas for which prescribed fertilisation rates are constant (uniform management zones, UMZ) (Koch et al., 2004; Basso et al., 2007; Casa and Castrignanò, 2008) .
While the first approach is theoretically more correct, the application of such strategy requires the availability, at the farm, of variable rate application (VRA) equipment, currently rather expensive. The second strategy is therefore, in principle, more compatible with the use of agricultural machinery available in most farms.
Whichever method is used, the task of defining the optimal N dose to apply spatially is not trivial. Methods based on the use of yield response functions to N, define a technically optimal dose as the one for which the marginal N productivity becomes zero, or an economically optimal dose as the intersection between the line ratio of unit product to unit fertiliser price and the yield response curve (Jaynes, 2010) . However, the form of the N response curves depends on a wide range of factors other than N, making them extremely variable both in space and time, so that their use for precision N management results unrealistic (Mamo et al., 2003) . As an alternative, N fertiliser requirements can be computed by means of a simplified N balance (Grignani et al., 2003) , which may also take into account spatially variable soil properties and management (Long et al., 2000) .
A further advantage of the latter method in the context of precision agriculture is that the N dose prescribed by the N balance may be split, allowing the fine-tuning of the fertiliser dressing to be regulated by crop nutritional status monitoring methods, such as those based on tractor mounted sensors (Tremblay et al., 2009) or on remote sensing (Blondlot et al., 2005) . The present work was aimed at testing a simplified N balance method for the prescription of maize N fertilisation amounts for uniform management zones defined from information on soil properties. This research falls into the general objective of examining agronomic, economic and environmental aspects related to the adoption of N management strategies in precision agriculture for cereal crops in central Italy.
Materials and Methods
The experiment took place in the commercial farm Maccarese S.p.A. For each point, samples from the vertices of a 2 m side triangle were bulked. Samples were then air-dried and sieved at 2 mm before particle size analysis (pipette method) and soil organic matter analysis (Springer and Klee method) were carried out. An additional soil sampling was carried out in September 2008 after maize harvest, in order to quantify residual mineral N in the soil profile. For this purpose, the sampling was planned to cover systematically the whole experimental area for a total of 92 points. Samples were collected for the 0-80 cm soil layer by means of a hydraulic soil sampler, they were put into a portable fridge, taken to the lab and rapidly analysed for N-NO3-content by the method of Vendrell and Zupancic (1990) .
All soil properties data were interpolated by ordinary kriging using a stable or a Gaussian variogram model in order to produce maps of clay, sand, silt and organic matter (Figure 1 ). The kriged soil data were then clustered into classes by means of a unsupervised fuzzy cmeans classification implemented through the Management Zone Analyst software (Fridgen et al., 2004) , allowing the definition of an optimal number of soil classes on the basis of minima of the fuzziness performance index and the normalized classification entropy. These classes were assumed to correspond to uniform management zones (UMZ).
Yield of grain maize was measured in the 2007 and 2008 seasons by means of a yield mapping precision farming system (PFS) installed on board a New Holland CX860 combine harvester, comprising DGPS, grain flow sensor, grain moisture sensor and PFS data management software. A calibration of the grain flow sensor was carried out in 2007 and 2008 by relating quantities measured on the combine to the corresponding weights recorded at the farm balance for a number of grain loads, obtaining a highly significant linear relationship. The calibration of the grain moisture sensor was carried out by manually collecting samples from the combine and directly measuring moisture content after drying in an oven. However, relationships with grain moisture measured at the combine were not consistent. Thus, in this study, yield mapping results are expressed on a wet weight basis. The grain flow sensor calibration relationships were applied to yield mapping data that had been filtered for the removal of erroneous data. For example, data recorded when the DGPS signal was missing, or when the combine was moving at speeds lower than 2 km h -1 , or when the effective cutting width of the combine had not been set correctly were deleted. Yield mapping data were subsequently converted to the UTM ED50 coordinate system, consistently to soil data, and interpolated by performing kriging with local variograms (Whelan et al., 2002) .
In order to compute N fertilisation rates for the 2008 season, a simplified N balance (after Grignani et al., 2003) was calculated for each UMZ as:
where Fc is N fertilizer need, Yb is the N uptake by the crop at the expected yield level, An is N input from dry and wet depositions, Mf is residual N from previous organic fertilisations, Mc is N rapidly mineralised from crop residues, Sm is N mineralized from soil organic matter, Si is N immobilized from previous crop residues, Ri is mineral N available at the beginning of the season, Zv, Zr and Zv are N losses respectively from volatilisation, leaching and runoff. The expected yield used for calculating the crop N uptake was assumed to be the mean for the UMZ recorded in 2007 by yield mapping. Other factors were derived from soil texture, organic matter and total N data or by using empirical coefficients from Grignani et al. (2003) and CRPV (2006) . In particular, bulk density was estimated from soil texture, whereas N-NO3 -and N-NH4 + were considered as 1% of the total N. Rates calculated for each UMZ defined the prescription map for maize grown in 2008. The Pioneer PR32F27 hybrid was sown on the 2 nd of April 2008 resulting in a density of 6 plants m -2 after full emergence. A herbicide treatment (Isoxaflutole+Flufenacet, 0.5 kg ha -1 ) was applied on April 8 th . Irrigation started on May 9 th and a total seasonal volume of 1500 m 3 ha -1 was applied with 20 days intervals between each watering. A uniform N fertilisation of 138 kg N ha -1 was applied on the 30 th of April as urea (46% N) at the V3-V4 stage (Iowa State University, 1993) . The comparison between variable and uniform N fertilisation was carried out by differentiating the second N dressing (urea), which was applied on May 29 th . For that purpose, the 4 units of the experimental field were split into two halves each, creating 8 strips of about 20 m width. Uniform or variable N rate treatments were assigned randomly to each strip, similarly to a randomized block design with 4 replicates. N rate in the uniform treatment was 92 kg N ha -1 for the whole strip, while it varied between 69 and 92 kg N ha -1 according to the UMZ in the variable rate treatment. The N dressing was distributed using a Damax fertiliser spreader that had been previously calibrated at the farm. The prescription map was loaded onto a hand held Trimble Juno GPS which alerted the operator to switch between N rates in the different UMZs. In order to calculate the economic consequence of the different N treatments, the return above N cost (RANC) (Bachmaier and Gandorfer, 2009) 
Results and Discussion
The examination of the maps of soil properties obtained by kriging reveals the presence of heterogeneity and spatial variability in terms of soil texture and organic matter throughout the experimental area (Figure 1 ). In particular, the NW part of the field includes a more light textured area that seems to reflect in part into the lower grain maize yields recorded in 2007 (Figure 2a ). It should be noted that this area with higher sand percentage does not correspond to the lower organic matter area, since probably the variability in soil organic matter is more influenced by the heterogeneous application of cattle slurry occasionally carried out in the field.
The continuous variability of soil properties could be well represented by 4 soil classes (Figure 3a) , as identified from the c-means clustering technique. This number of classes corresponds to the minima of the fuzziness performance index (FPI) and of the normalized classification entropy (NCE) obtained using measured soil characteristics. FPI is a measure of the degree of separation between fuzzy cpartitions and ranges from 0 to 1, with values approaching 0 indicating distinct classes with little membership sharing (Fridgen et al., 2004) . NCE models the amount of disorganisation of a fuzzy c-partition. Differences among soil classes in terms of clay, sand, silt and organic matter were statistically significant (P<0.01) according to a one-way ANOVA (Table 1) .
The N balance (Eq. 1) was calculated separately for each of the 4 soil classes, using, as an approximate estimate of yield target, the average grain yield obtained in 2007 (which was a good yielding year) for each area corresponding to a given class. The results of the balance indicated an N need varying from 201 to 239 kg N ha -1 for the different classes (Table 1) .
These values corresponded to a prescription of only two possible rates: 69 or 92 kg N ha -1 for the second N dressing, once the first uniform application of 138 kg N ha -1 had been taken into account and considering the fertiliser spreader regulation resolution of ±23 kg N ha -1 (Table 1) . The prescription map for the second N dressing (Figure 3b ) was adhered to, only in randomly selected strips corresponding to half of each field unit as described in the Methods section, whereas a uniform dose of 98 kg N ha -1 was employed for the other halves ( Figure  3c ). In this way, an experimental scheme approximating a randomized complete block design (RCBD) was adopted, with 4 replicates (blocks) corresponding each to a field unit and two treatments applied in each strip (plot): uniform (UNI) or variable application (VAR).
It should be noted, though, that in such a set-up, with large blocks and plots and a high number of observations within plots as a result of yield mapping, classical RCBD ANOVA could be made more powerful by incorporating spatial correlation into the analysis (Hong et al., 2005) . Some authors have proposed appropriate linear mixed model methodologies and procedures for incorporating spatially variable errors and covariates in the data analysis (Hong et al., 2005; Milliken et al., 2005) . In our case, however, we only took into account the fact that the proportions of management zones in each given strip were different, by standardizing them to their proportion across the entire field as done for example by Koch et al. (2004) .
Grain maize yields in 2008 were generally lower than in 2007, but showed somehow consistent spatial patterns (Figure 2b) . The spatial pattern of the computed RANC (Figure 2c) yield map. Overall, the comparison between UNI and VAR N application did not reveal significant differences in terms of yield or RANC averaged over the treatment strips (Figure 4) . Nevertheless it can be noted that the adoption of VAR did allow some small saving in terms of N fertilizer. If the VAR fertilization had been adopted all over the field, it would have led to the application of 150 kg ha -1 of urea in 3.72 ha and 200 kg ha -1 of urea in the remaining 5.2 ha, bringing about a total saving of 186 kg of urea, corresponding to 8.11€ ha -1 , assuming a price of urea of 0.39 € kg -1 . A preliminary assessment of the relative environmental impact of the different fertilisation strategies, can be done by examining the N-NO3 -remaining in the soil profile after the maize harvest, which an efficient N management should tend to minimize in order to reduce leaching risks. Soil nitrate content measured in the 0.80 cm layer in September 2008 revealed that the spatial variability in N-NO3 - (Figure 2d ) was mainly related to differences in soil texture, with a rather limited range of values, comprised between 57 and 65 kg N-NO3 -ha -1 . As a result of the spatial variability, the differences between VAR and UNI N fertilisation were not significant, though VAR strips had always smaller values as compared to UNI strips ( Figure 5 ).
Conclusions
The results obtained in this preliminary experience on variable N fertilisation management on grain maize, show that the application of a N prescription map based on a simplified N balance for different uniform management zones did not bring to significant differences in terms of grain yield, economic return above N cost and nitrate content in the soil profile at the end of the growing season, from a uniform N fertilisation as usually carried out by the farm. The adoption of a variable N fertilisation strategy for the whole field would have caused, however, a limited saving in the amount of fertiliser employed. These results are not surprising considering that the N amounts spread in the different management zones (UMZs) differed by only ±23 kg N ha -1 . It is possible that larger differences might have been observed if also the first N dressing had been differentiated among UMZs.
A more reliable definition of UMZs and of the target yield for each zone, than the one carried out in the present work, has been illustrated by several workers. It is possible to employ multi-year yield mapping data as well as simulations using crop models in order to define stable high and low yield potential areas (Basso et al., 2007) . Multivariate approaches can also be used for this purpose (Casa and Castrignanò, 2008) .
In addition, information on soil properties needs to be obtained in a much more efficient and economic way as compared to the direct soil sampling carried out in our case, for realistic operative precision farming applications. This is an active area of research, exploring, among other things, the possibilities offered by indirect geoelectric techniques (Morari et al., 2009) or by hyperspectral remote sensing for mapping soil texture and organic matter (Casa et al., 2010) .
Overall there are good possibilities that the adoption of variable N application rates according to precision farming concepts could have positive economic results. Lambert and Lowemberg-DeBoer (2000) reviewed 108 studies of which 63% reported economic benefits for variable rate application (VRA). Similarly, in a review by Griffin et al. (2004) , 68% of the 210 works examined reported an economic advantage of VRA over uniform N fertilisation. Environmental benefits of N VRA have been also largely reported (Hong et al., 2006) . Nevertheless these aspects are site specific and need to be assessed in the different situation by an appropriate agronomic research targeted to the peculiarities of precision agriculture field trials, e.g. employing statistical methods which are able to consider the spatial correlation of errors in the ANOVA (Hong et al., 2005; Milliken et al., 2009) . More in general, precision agriculture presents to the agronomists the challenge of making good use of the large amount of spatial information available, for example from yield mapping systems and remote sensing, in order to improve the economic and environmental efficiency in the management of resources and inputs in crop production. 
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